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Abstract: The infiltration of rainwater into soil slopes leads to an increase of porewater pressure and
destruction of matric suction, which causes a reduction in soil shear strength and slope instability.
Hence, surface moisture and infiltration properties must be direct inputs in reliable landslide hazard
assessment methods. Since the in situ measurement of pore pressure is expensive, the use of remotely
sensed soil moisture is practically feasible. Downscaling improves the spatial resolution of soil
moisture for a better representation of specific local conditions. Downscaled soil moisture, the relevant
geotechnical properties of saturated hydraulic conductivity and soil type, and the conditioning factors
of elevation, slope, and distance to roads are used to develop an improved logistic regression model
to predict the soil slide hazard of soil slopes using data from two geographically different regions.
A soil moisture downscaling model with a better accuracy than the downscaling models that have
been used in previous landslide studies is employed in this study. This model provides a good
classification accuracy and performs better than the alternative water drainage-based indices that are
conventionally used to quantify the effect that elevated soil moisture has upon the soil slide hazard.
Furthermore, the downscaling of soil moisture content is shown to improve the prediction accuracy.
Finally, a technique that can provide the threshold probability for identifying locations with a high
soil slide hazard is proposed.
Keywords: soil slides; landslides; remotely sensed soil moisture; microwave remote sensing;
downscaling; road cut slope failures; logistic regression; log likelihood
1. Introduction
The objective of this study is to present a framework for using remotely sensed soil moisture
available on a daily basis to monitor locations that are highly susceptible to rainfall-triggered soil
slides, with a well-structured assessment procedure. Furthermore, the performance of downscaled
remotely sensed soil moisture in soil slide hazard assessment is compared with that of widely used
water-drainage based variables, namely distance to drainage, drainage density, and the Topographic
Wetness Index (TWI). Moreover, an improved approach for identifying a threshold for classifying soil
slide and non-soil slide locations is proposed.
1.1. Background of the Study
Soil slides present a major threat to humans and cause widespread damage to property and lives
throughout the world. The stability of a naturally existing soil slope is achieved through the balance
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of forces acting upon it. Slope instability and subsequent sliding occur due to the action of a trigger,
which can disrupt this balance. Triggering factors such as rainfall, seismic activity, volcanic eruptions,
or wildfire can cause soil slides [1]. Of these triggering factors, rainfall is the most common triggering
factor [1–4]; hence, this research focuses on rainfall-triggered soil slides.
Rainfall-triggered soil slides commonly occur in regions consisting of residual soil slopes that are
naturally stabilized by negative pore water pressure or matric suction. With the infiltration of rainwater,
the soil moisture content increases, thereby destructing the matric suction. This phenomenon results
in a decreased effective stress and hence, soil shear strength and increased weight of soil, causing
slope instability [3]. Thus, it is realized that if the site soil moisture content can be used directly as a
predictor in assessing soil slide hazards, the accuracy of predicting rainfall-triggered soil slides can
be improved. Past researchers have attempted to use in situ soil moisture measurements as a tool
for soil slide hazard assessment [4–6]. However, measuring in situ soil moisture can be a prohibitive
task due to the extensive instrumentation requirements and unreliability of instrument readings.
Thus, the use of remotely sensed soil moisture has been suggested as an alternative to in situ soil
moisture measurements [7–9]. It is believed that soil moisture records that are acquired form satellites
on a regular basis would be particularly effective in such assessments.
On the other hand, most current soil slide prediction methods use indirect means of evaluating
the increases in moisture such as the use of hydrological conditioning factors (Section 1.2), including
distance to drainage, drainage density, and the Topographic Wetness Index or other similar
water-drainage based variables [4,10,11]. The distance to drainage accessories affects the drainage of
rainwater from a basin. A higher distance to drainage accessories (streams or water bodies) would
indicate a slower drainage of water from a basin, and thus create more favorable conditions for soil
slides [4,10]. A lower drainage density would indicate the accumulation of soil moisture on the ground,
thereby increasing the soil slide hazard. Moreover, the Topographic Wetness Index (TWI) measures
the effect that topography has on flow accumulation or the generation of runoff [11,12]. A location
with a higher upslope contribution area would have greater flow accumulation, greater soil saturation,
and reduced strength, thus creating favorable conditions for soil slides. Furthermore, a lower tangent
slope value would increase the prolonged stagnation of rainwater, and thus increase the soil slide
hazard. Hence, by combining the effects of the numerator and the denominator, it can be said that a
location with a higher TWI is expected to have a greater soil slide hazard. In this study, the performance
of the newly introduced downscaled remotely sensed soil moisture in rainfall-triggered soil slide
hazard assessment is compared to those of distance to drainage, drainage density, and TWI.
1.2. Conditioning Factors Employed in Past Studies
Conditioning factors such as geotechnical, topographical, hydrological (discussed in Section 1.1),
land use, and geological factors create favorable conditions for the occurrence of slope failures, which
could then be triggered by a triggering factor [4,10]. Thus, conditioning factors can be used in predicting
slope failures. The geotechnical properties of the soil overburden, especially the undrained shear
strength, hydraulic conductivity, and bulk density of the soil, can impact the potential for soil slope
failures. A soil with higher shear strength can withstand a greater destabilizing force compared to a
soil with a lower shear strength, whereas a higher bulk density increases the destabilizing force. A soil
with a higher hydraulic conductivity can drain the increased moisture due to rainfall infiltration faster,
and thus create less favorable conditions for slope failure, compared to a soil with a lower hydraulic
conductivity [13,14]. On the other hand, topographic factors also play a major role in the initiation and
distribution of slope failures. These factors include (but are not limited to) slope angle, slope curvature,
aspect, sloping length, elevation, and geomorphological units, etc. [10,13–15]. Furthermore, the type of
land use, temporal variation of land use, vegetation type, presence of roads, buildings, etc. can impact
the initiation and distribution of slope failures as well [11].
Moreover, the hydrological conditioning factors (Section 1.1) aim to quantify the effect that rainfall
has on soil slide hazard. Many water-related factors have been used as indices in past studies to
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quantify this effect. These hydrological factors, such as distance to drainage, drainage density, and TWI
(Section 1.1) aim to model the spatial distribution of soil moisture increase in the ground due to rainfall
by quantifying the capability of a given site to accumulate and discharge rainwater [8]. In addition,
geological factors such as the lithology, presence of joints, faults, and bedding planes of underlying
bedrock, permeability, and strength can impact landslide potential [4,13,14]. However, the effect of
geological factors is predominant in rock falls, rockslides caused by eroded bedrock, and landslides
initiated by pore pressure buildup in fractured rock. Thus, the effect of geological factors on the ‘soil’
slope failures considered in this study can be considered minimal [8].
1.3. State of the Art of the Use of Remotely Sensed Soil Moisture in Landslide Hazard Assessment
Some recent research effort has been spent on using remotely sensed soil moisture in the study of
landslides. One of the early researches in this area has been performed by Ray et al. [4]. The above
researchers have worked toward establishing a qualitative relationship among remotely sensed soil
moisture content, precipitation, and landslide events. Using the results of this study, the above
researchers proved that microwave remote sensing can be employed to extract useful information
regarding soil moisture in steep terrains where landslides occur, and that a relationship exists
between remotely sensed soil moisture and landslide events. In another study, Brocca et al. [6]
investigated the relationship between remotely sensed soil moisture derived from the ASCAT
(Advanced SCATterometer) satellite, rainfall, and the activation of the Torgiovanetta rock slide in Italy.
The above researchers proved that the use of soil water index (SWI) values derived using ASCAT
derived soil moisture at a 25 km × 25 km spatial resolution is a reliable predictor of the occurrence
of this rockslide. Although they achieved a reasonable accuracy, the coarse spatial resolution of
soil moisture could present a limitation regarding the reliable prediction of landslide occurrence.
To overcome this obstacle, Ray et al. [5] used downscaled AMSR-E (Advanced Microwave Scanning
Radiometer)-derived soil moisture to assess the landslide susceptibility in the Cleveland Corral region
in California (CA). The downscaling procedure proposed by Chauhan et al. [14] was employed to
improve the spatial resolution from 25 km × 25 km to 1 km × 1 km. However, in the above study,
a deterministic approach was employed to assess landslide susceptibility.
In the study described in this paper, the authors aim to use a statistical approach to assess
the feasibility of using downscaled remotely sensed soil moisture in soil slide hazard assessment.
The authors have developed a framework to monitor locations subject to a high hazard of soil slides
using daily downscaled remotely sensed soil moisture that is available on a daily basis. Furthermore,
this model is formulated and tested in two different geographical regions in the United States (USA)
with similar geotechnical conditions. Hence, the proposed statistical model is expected to have a
broader spatial applicability.
1.4. Description of Data
Two landslide-prone sites were selected for this study. The first site is in western Oregon,
USA (Figure 1a), and the second study site is in northern Kentucky, USA (Figure 1b). Landslide
inventories for these two study sites were prepared by the Oregon Geological Survey [15] and Kentucky
Geological Survey [16], respectively. The sources of the Oregon landslide inventory were aerial photos,
photogrammetric elevation data, light detection and ranging (LiDAR) elevation data, and geologic and
hazard maps, whereas the sources of the Kentucky landslide inventory were the findings of the research
and field work performed by the Kentucky Geological Survey, published geologic maps, state and local
government agencies, media reports, and the information provided by the public [17,18]. The landslide
data used in this study were available as point features. Furthermore, all of the landslides were dated,
and the satellite-based soil moisture images were obtained on the day of the landslide. On instances
where the soil moisture images were not available on the day of the landslide, soil moisture images on
the day before the landslide or the day after were used in the stated order.
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Figure 1. Selected soil slide sites from (a) Oregon, United States (USA) and (b) Kentucky, USA.
At these sites, several different slope failure types, namely soil slides, rockslides, rock falls, debris
slides, mudslides, earth flows, debris flows, topples, and complex slope failures have been observed.
Since different landslide types occur because of different combinations of geotechnical, topographical,
geological, and hydrological conditions, it is important to group them into different landslide types
to perform a meaningful analysis. However, Budimir et al. [15] observed that most of the existing
landslide studies do not differentiate between landslide types, especially at the large scale. To address
this shortcoming, in this study, a rigorous vetting procedure (Section 2.1) was employed to select only
the soil slides. Furthermore, all of the soil slope failures considered in this study were rainfall-triggered
soil slides. Hence, the vetting procedure (Section 2.1) was specifically aimed at selecting only the
rainfall-triggered soil slides.
1.5. Description of the Study Areas
The selected study area in the state of Oregon ranges from the western coastal range to the Cascade
mountains. The study area has an elevation range of 0–2072 m, a mean elevation of 420 m, and a mean
slope of 14.72◦. The average primary and secondary road density is 128 m/km2. This area generally
experiences rainfall from October to May and relatively dry conditions from June to September [17].
The intensity of rainfall in the area ranges from 1500 mm/year to 5100 mm/year [18], while the
average snowfall can range from 25 mm/year to 380 mm/year. However, the winter precipitation
in the area usually occurs in the form of rainfall, although it is subject to occasional heavy snowfall
as well [19]. The selected study area in Kentucky, which is situated along the northern mountainous
region of Kentucky, has an elevation range of 131 m–892 m, a mean elevation of 341 m, and a slope
of 15.22◦. This area has an average primary and secondary road density of 338 m/km2. The average
rainfall of the area is 1143 mm/year to 1270 mm/year, with the rainfall being quite evenly distributed
throughout the year [20]. However, the snowfall in northern Kentucky has a mean value that is close
to 635 mm/year, which is much higher than that of Oregon [20]. The soil slides and non-soil slides
from the two study areas were selected from locations consisting of similar rock types, namely basalt,
siltstone, sandstone, and mudstone, so that any variation of rock type between the two study areas
would not affect the model performance. Furthermore, the frequency distributions of slope, elevation,
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primary and secondary road density, and land cover are included in Figure 2a–d. It should be noted
that the plotted road density (Figure 2c) corresponds only to pixels where a primary or a secondary
road was present.
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Figure 2. Frequency distributions of (a) elevation; (b) slope angle; (c) road density; and (d) land cover
in the two study areas.
2. Methodology Used for Model Development
2.1. Development of the Soil Slide Database
As discussed in Section 1.4, two landslide-prone sites from western Oregon, USA and northern
Kentucky, USA were selected for this study. Of the available slope failures at these two sites,
the rainfall-triggered slope failures were selected by eliminating any slide that could have been caused
by seismic activity or snowfall. The effect of snowfall was eliminated by removing any landslides
occurring during the months between November and April, at altitudes above 200 m, where snowfall
was expected. Possible earthquake-triggered landslides were excluded by discarding any landslide
that had occurred immediately following a recorded earthquake. Furthermore, rainfall recor s on the
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dates of landslides as well as personal communications with the staff of the respective State Geological
Surveys further confirmed that the slope failures selected for this study were triggered by rainfall.
The study was limited to ‘slides’ where the failure material given in the database was ‘soil’.
Furthermore, by observing the images of failed locations, any further locations that contained evidence
of possible rock failures such as exposed rock and sliding grooves were excluded from the study.
Images of two such locations that were excluded from the study due to the presence of exposed rock
and sliding grooves are included in Figure 3a,b.
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of exposed rock (Google Earth, 2018).
Figure 4a,b contains current images of tw selected soil slide l cations from the landslide database.
These locations are identified as soil failures (and not rock failures) since the color of the exposed slope,
presence of vegetation in the vicinity, shallow depth of failure, and lack of sliding grooves indicate so.
Finally, it was further observed that there are several soil slides in the database that had occurred on
a single day. In these situations, some soil slides may have been triggered by a precursor soil slide.
Thus, in such cases, the successor soil slides cannot be considered as independent events, and must be
excluded from the analysis. To do so, any soil slide with small dimensions occurring within a distance
of two times or less than the larger dimension of a larger soil slide occurring on the same day were
excluded from the study.
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To address this shortcoming, only the soil slides with a homogeneous soil profile were considered for
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profile is considered uniform if the soil type is uniform across the depth, and the coefficient of variation
of the saturated hydraulic conductivity is less than or equal to 2.5. Ultimately, a total of 33 soil slides
that matched the vetting criteria were earmarked in both geographical areas (in the states of Oregon
and Kentucky). Of the 33 soil slides that matched the vetting criteria, 22 were from Oregon, USA,
and 11 were from Kentucky, USA. A schematic diagram of the vetting procedure used for soil slide
selection is given in Figure 5.
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2.2. Development of the Non-Soil Slide Database
The statistical model developed in this study is used to differentiate locations with a high soil
slide potential from those with a low soil slide potential. Thus, non-soil sliding locations need to be
used in developing the model as well. These locations were selected randomly from areas where no
previous slope failures have been recorded. To do so, the two study areas were divided into grids,
with each grid cell being 1 km in size. All of the observed failure locations were plotted on the grid,
and the soil type and hydraulic conductivity of each grid cell were derived. Grid cells with no previous
slope failures that contained homogeneous subsurface soil conditions were selected for the non-soil
slide database Out of the abov empty grid cells, 100 locations wer selected ra domly to be included
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in the study. Of the selected non-soil slides, 70 were from Oregon, while 30 were from Kentucky.
The non-soil slides were distributed among the study areas roughly in the same ratio as the soil slides.
Furthermore, images of all of the selected non-soil slide locations were observed to ensure that
the non-soil slide locations contained a soil surface, and not an impervious surface. The conditioning
factors of slope, elevation, saturated hydraulic conductivity, the Enhanced Vegetation Index (EVI),
soil type, and distance to roads were also obtained at these locations. Furthermore, the downscaled
remotely sensed soil moisture content, which was obtained on a randomly selected date, was assigned
to the non-soil slide locations as well. Figure 6a,b contains images of two such randomly selected
non-soil slide locations, whereas Figure 7a,b demonstrates the distribution of all of the non-soil slide
locations within the states of Oregon and Kentucky.
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2.3. Acquisition of Remotely Sensed Soil Moisture
2.3.1. Europ an Space Agency’s Climate Change Initiative Soil Moisture (ESA CCI Soil Moisture)
T e Climate Cha e Initiative (CCI) is part of the European Space Agency’s (ESA) program
on the global monitoring of Essential Climate Vari bles (ECV). This project currently provid s the
most consistent and complete active and passive micro av -derived soil moisture dat at the global
scale [21–23]. Soil moisture contents derived from the following activ microwave sensors are
available through this proj ct: (1) AMI-WS (Active Microwave Instrument Wind Scatterometer) on
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board ERS-1 (European Remote Sensing-1) and ERS-2 (European Remote Sensing-2) satellites and
(2) ASCAT (Advanced SCATerrometer), on board MetOp-A (Meteorological Operational Satellite-A)
and MetOp-B (Meteorological Operational Satellite-B). Furthermore, soil moisture contents derived
from following passive microwave sensors as well are available through this project: (1) SMMR
(Scanning Multi-channel Microwave Radiometer); (2) SSM/I (Special Sensor Microwave Imager);
(3) TMI (Tropical rainfall measuring mission Microwave Imager); (4) AMSR-E (Advanced Microwave
Scanning Radiometer); (5) WindSat; (6) AMSR2 (Advanced Microwave Scanning Radiometer 2);
and (7) SMOS (Soil Moisture Ocean Salinity). In addition, a combined product where active and
passive products are merged is available. The combined active and passive product providing better
temporal and spatial coverage is employed in this study. This product is available at a 0.25◦ × 0.25◦
spatial resolution and daily temporal resolution.
2.3.2. Downscaling of Remotely Sensed Soil Moisture
Remotely sensed soil moisture developed by the ESA CCI is available at 0.25◦ × 0.25◦ spatial
resolution; this was downscaled to 1 km× 1 km to improve the spatial representation. The downscaling
model used in this study was developed by Wang et al. [24]. This method utilizes the triangular
relationship between the land surface temperature (LST) and Enhanced Vegetation Index (EVI). This is
also known as the universal triangle (Figure 8). The EVI is defined in Equation (1):
EVI = G· (NIR− RED )
(NIR+C1·RED−C2·BLUE+ L) (1)
where G is the gain factor, NIR, RED, and BLUE are atmospherically corrected near infrared, red and
blue reflectances, respectively, C1 and C2 are the coefficients of the aerosol resistance term, and L is the
canopy background adjustment.
According to this method, the sub-pixel level variation of soil moisture is obtained using the
variation of LST and EVI at the sub-pixel level. LST and EVI images are obtained from the MODIS
(MODerate resolution Imaging Spectroradiometer) satellite. The MODIS satellite images are available
at a spatial resolution of 1 km × 1 km. The temporal resolution of MODIS LST images (MOD11A1) is
one day, while that of MODIS EVI images (MOD13A2) is 16 days. The temperature–vegetation–drought
index (TVDI), defined in Equation (2), is calculated at both fine (1 km× 1 km) and coarse (0.25◦ × 0.25◦)
spatial resolutions:
TVDI =
T− Tmin
a+ b·EVI− Tmin (2)
where T represents the observed LST, Tmin represents the minimum LST observed on the LST–EVI
space, and a and b are the parameters representing the dry edge of the LST–EVI space. The resolution
of soil moisture can be improved with TVDI using Equation (3).
MH = ML
(
1− TVDIH
1− TVDIL
)
(3)
where MH, ML, TVDIH, and TVDIL represent soil moisture at high resolution, soil moisture at low
resolution, TVDI at high resolution, and TVDI at low resolution, respectively. Following this procedure,
remotely sensed soil moisture content at a coarse spatial resolution was refined to the MODIS spatial
resolution of 1 km × 1 km [24].
The above downscaling method developed by Wang et al. [24] has been proven to improve
the accuracy of a downscaled soil moisture product compared to the method developed by
Chauhan et al. [14], which had been used in previous landslide research [24]. Furthermore, since the
study area of this research is relatively large, the use of a single downscaling model will not produce
significantly accurate results. Yu et al. [25] performed a downscaling of North America’s soil moisture
data, and found that a moving window method performs better compared to a single window, with the
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regression coefficient improving from 0.19 to 0.70. Hence, a moving window method, with different
downscaling models for different geographic regions, was developed in this study for downscaling
soil moisture. Three windows were used for the study area in western Oregon, while two windows
were used for the study area in northern Kentucky. The three windows in Oregon were selected at
the top, bottom, and middle of the study area in Figure 7a, while the two windows of Kentucky were
selected at the top and bottom parts of the study area in Figure 7b.
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2.4. Determination of Conditioning Factors
Geotechnical properties of the overburdened soil were obtained from the United States
Natural Resources Conservation Services SSURGO (Soil Survey Geographic Database) database [26].
This database provides the values of saturated hydraulic conductivity and soil type along with the
soil profile. The soil types observed at the sites were high plasticity clay (CH), low plasticity clay (CL),
high plasticity silt (MH), low plasticity silt (ML), clayey gravel (GC) and silty gravel (GM).
Digital elevation models (DEM) developed for the states of Oregon and Kentucky at a resolution
of 10 m × 10 m were used to obtain the elevation. The slope angles were evaluated from the tangents of
the digital elevation models. Furthermore, the Enhanced Vegetation Index (EVI), which was defined in
Equation (1), was found to be an appropriate indicator of land cover, and particularly of the vegetation
cover in a given location [27]. Moreover, EVI is sensitive to the canopy structure, and does not tend to
saturate at high leaf area indices [28]. Due to this advantage over other remote sensing-based vegetation
indices such as the Normalized Difference Vegetation Index (NDVI), the EVI is recognized as a superior
remote sensing-based indicator of vegetation cover [28]. Thus, the EVI is used in this study to represent
the vegetation cover. Locations with lower EVI values are expected to be prone to erosion, and hence,
they are subject to elevated soil slide hazard compared to locations with higher EVI values.
As discussed in Section 1.2, the cutting of slopes for road construction increases the soil slide
hazard. Hence, proximity to roads was found to be related to the soil slide potential of a given
mountainous area. Thus, the distance to roads, namely primary and secondary roads, is used as an
explanatory variable in the developed model.
2.5. Correlation Coefficients among Explanatory Variables
The correlation coefficients of the explanatory variables were calculated (Table 1) and checked
for multicollinearity. Silt and clay soil types, gravel, hydraulic conductivity, and downscaled and
undownscaled soil moisture contents are highly correlated variables (with correlation coefficients > 0.7),
which indicate multicollinearity. Of the above highly correlated variables, only one was included in
the model at any given time. Of the dummy variables for the three soil types (gravel, silt, and clay),
only two (clay and silt) were included in the model to avoid multicollinearity.
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Table 1. Correlation matrix of the explanatory variables.
Variable Elevation (m) Slope
Presence of Clay
Soil Type
(Categorical
Variable)
Presence of Silt
Soil Type
(Categorical
Variable)
Presence of
Gravel Soil Type
(Categorical
Variable)
Enhanced
Vegetation Index
(EVI)
Downscaled
Soil Moisture
Elevation (m) - 0.17 −037 0.03 0.46 −0.002 −0.03
Slope 0.17 - −0.28 −0.03 0.41 −0.04 0.07
Presence of clay soil type (categorical variable) −0.37 −0.28 - −0.70 −0.50 0.03 0.05
Presence of silt soil type (categorical variable) 0.03 −0.03 −0.70 - −0.28 −0.03 −0.04
Presence of gravel soil type (categorical variable) 0.46 0.41 −0.50 −0.28 - 0 −0.02
EVI −0.002 −0.04 0.03 −0.03 0 - −0.23
Downscaled soil moisture −0.03 0.07 0.05 −0.04 −0.02 −0.23 -
Undownscaled soil moisture −0.02 0.04 0.07 0 −0.11 −0.16 0.83
Saturated surface hydraulic conductivity (microns per second) 0.42 0.42 −0.44 −0.15 0.77 0.02 −0.09
Distance from roads (m) 0.67 0.19 −0.44 0.06 0.52 −0.02 −0.19
Proximity to drainage (m) −0.05 −0.14 0.18 −0.08 −0.14 0.26 0.01
Drainage density (m−1) 0.32 0.36 −0.31 0.12 0.27 −0.17 −0.02
TWI −0.19 −0.60 0.09 0.08 −0.21 0.04 −0.06
Variable Un-Downscaled SoilMoisture
Saturated Surface
Hydraulic
Conductivity
Distance from
Roads (m)
Distance to
Drainage (m)
Drainage Density
(m−1)
Topographic
Wetness Index
(TWI)
Elevation (m) −0.02 0.42 0.67 −0.05 0.32 −0.19
Slope 0.04 0.42 0.19 −0.14 0.36 −0.60
Presence of clay soil type (categorical variable) 0.07 −0.44 −0.44 0.18 −0.31 0.09
Presence of silt soil type (categorical variable) 0 −0.15 0.06 −0.08 0.12 0.08
Presence of gravel soil type (categorical variable) −0.11 0.77 0.52 −0.14 0.27 −0.21
EVI −0.16 0.02 −0.02 0.26 −0.17 0.04
Downscaled soil moisture 0.83 −0.09 −0.19 0.01 −0.02 −0.06
Undownscaled soil moisture - −0.16 −0.21 −0.05 0 −0.05
Saturated surface hydraulic conductivity (microns per second) −0.16 - 0.57 −0.09 −0.19 −0.20
Distance from roads (m) −0.21 0.57 - −0.18 −0.16 −0.10
Proximity to drainage (m) −0.05 −0.09 −0.18 - −0.06 −0.07
Drainage density (m−1) 0 −0.19 −0.16 −0.06 1 −0.21
TWI −0.05 −0.20 −0.10 −0.07 −0.21 -
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2.6. Statistical Approach Used in Model Development
Logistic regression is a modeling method that can provide highly accurate results in landslide
hazard assessment compared to other statistical methods [10,29]. In addition, logistic regression
provides an estimation of the statistical significance of each of the landslide conditioning factors. Hence,
it is identified as one of the most preferable methods for landslide hazard assessment [7]. For example,
Wang et al. [29] conducted a comparative study to assess landslide hazard in Mizunami City, Japan with
logistic regression and several other alternative landslide hazard assessment methods which include
decision trees, frequency ratios, weights of evidence, and artificial neural networks. The impact of the
conditioning factors on landsliding were investigated to derive landslide hazard predictive relationships
of the above alternatives. The logistic regression method was determined to yield the best results in
classification. Thus, logistic regression was used in this study for soil slide hazard assessment.
Based on the triggering factors such as downscaled remotely sensed soil moisture content and
location-based conditioning factors of slope, elevation, saturated hydraulic conductivity, distance to
roads, EVI, and soil type, the likelihood of a soil slide can be predicted at a given location with a
logistic regression model. The maximum likelihood estimation was used to determine the parameter
estimates for each predictor variable. The resulting probability of failure can be considered as a ‘hazard
index’ for soil slide occurrence. In a logistic regression model, the probability of occurrence of a slope
failure can be expressed as:
P(f) =
1
1+ exp[−(β0 + β1X1 + . . . + βkXk + . . .)]
(4)
where P(f) is the probability of failure, X1 represents continuous variables, Xk represents categorical
variables, β0 is the constant, and β1 and βk are the corresponding parameter estimates of the above
variables. In predicting soil slides, the independent variables are the soil slide conditioning and
triggering factors. For the categorical variable Xk, if category ‘k’ is observed at the soil slide location,
the value of Xk would be equal to 1, rendering the contribution to Equation (4) from category ‘k’ to be
βk. If the category ‘k’ is not observed at the soil slide location, the value of Xk would be equal to zero,
rendering the contribution to Equation (4) from category ‘k’ to be zero.
The goodness of fit of a logistic regression model is assessed by the log likelihood. The likelihood
function is the joint probability density function of the data sample if it was observed from a statistical
distribution with a parameter vector θ, which is given in Equation (5) [30,31]:
L(θ|X) =
n
∏
i=1
f (xi, θ) (5)
where L is the likelihood function and f is the probability density function. Typically, the goodness of fit,
and thus the log likelihood of a model improves as the number of variables used in the model increases.
To compare models with different numbers of variables, the log likelihood values must be penalized
for the number of variables used in the model. Akaike information criterion (AIC) and Bayesian
information criterion (BIC) are two such penalizing methods that can be used in comparing models
with different numbers of variables [32]. AIC and BIC are defined in Equations (6) and (7), respectively:
AIC = 2K− 2LL (6)
BIC = K· ln(n)− 2 ln(LL) (7)
where K is the number of parameter estimates, n is the number of observed data, and LL is the log
likelihood. Lower AIC and BIC values would typically indicate better model performance. Generally,
the BIC method applies a larger penalty compared to the AIC method.
In the developed model, only the explanatory variables that are statistically significant at a level
of 0.1 or higher were used. The best performing model was selected considering the goodness of
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fit, model complexity, statistical significance of the variables, and interpretability of the parameter
estimates. Furthermore, as clay and silt soil types are highly correlated, only the silt soil type was used
in the analysis. Moreover, the interaction effect of different explanatory variables is also considered in
developing this model to improve the model prediction accuracy.
2.7. Soil Slide Hazard Estimation Model with Alternative Water Drainage-Based Explanatory Variables
Additional logistic regression models for soil slide hazard assessment were developed with
alternative water drainage-based variables in the place of downscaled soil moisture content, and the
performance of these models was compared with the model based on downscaled soil moisture content.
In this regard, three alternative water drainage-based variables that are commonly used in landslide
studies in order to capture the effect of increased soil moisture content on landslide hazard (Section 1.1),
namely distance to drainage accessories, drainage density and the Topographic Wetness Index (TWI),
were considered in this study as substitutes for the downscaled soil moisture content.
2.8. Methodology of Soil Slide Hazard Assessment with the Developed Model
It must be noted that the probability of failure defined by the logistic regression model is merely a
hazard index, and it does not provide a threshold for the occurrence of a soil slide. Hence, as the final
step of the process, a threshold probability of failure was determined by maximizing the classification
accuracy between soil slide and non-soil slide locations. Classification accuracy is defined in Equation (8):
A =
Number of locations correctly classified based on a given threshold probability
Total number of locations classified
× 100 (8)
3. Results and Discussion
3.1. Results of the Dry Edge Parameters of the LST–EVI Space
The LST–EVI dry edge parameters that were developed for the three downscaling windows of the
Oregon study area and two downscaling windows of the Kentucky study area using linear regression
are given in Figure 9a–e. For the three windows of Oregon, the LST and EVI values produced good
correlation coefficients along the dry edge whereas for the two windows of Kentucky, the correlations
were lower, especially at lower EVI values.
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3.2. Statistics of Explanatory Variables
The frequency distributions of downscaled and undownscaled soil moisture are given in
Figures 10a and 11b, respectively. Furthermore, the means and standard deviations of downscaled and
undownscaled soil moisture are given in Table 2. The mean and standard deviation of downscaled soil
moisture at the soil slide locations were 0.2787 and 0.075, respectively, while those of the non-soil slide
locations were 0.2523 and 0.0585 respectively. On the other hand, the mean and standard deviation of
the undownscaled soil moisture content at the soil slide locations were 0.2682 and 0.0519, respectively,
while those at non-soil slide locations were 0.2503 an 0.0478, respectively. It c uld be obser d that
the mean soil mo sture cont nt at the soil slid locations was higher than those t the non-soil slide
locations for both downscal d and undownscale s il moisture ontents. H wever, downscaling
increased the mean soil moisture at the soil slide locations, thereby leading to a larger difference
between the means of the soil slide and non-soil slide locations. Moreover, downscaling increased the
standard deviation of soil moisture content at both the soil slide and non-soil slide locations.
Figure 10c contains the frequency distribution of saturated hydraulic conductivity at the soil slide
and non-soil slide locations. It could be observed that the soil slide locations had lower hydraulic
conductivity values (mean 7.84 microns per second) compared to the non-soil slide locations (mean
10.04 micr ns per second). In a dition, the variability of the hydraulic conductivity (of the s rface) of
the soil lide locations (stand rd deviation is 4.15 microns per second) was much lower than the on-soil
slide locations (standard deviation is 7.39 microns per second). Furthermore, the distributi n of soil
types in the study areas is given in Table 3. It could be observed that of the soil slide locations, 70% was
on clayey soil, while 27% and 3% were on silty and gravelly soils, respectively. Moreover, of the
non-soil slide locations, 51% was on clayey soil, 28% was on silty soil, and 21% was on gravelly soil.
The frequency distributions of elevation and slope are given in Figure 10d,e respectively. The mean
elevation of the soil slide locations (189 m) was much lower than that of the non-soil slide locations
Geosciences 2018, 8, 326 15 of 27
(335 m). This is because the majority of the slope failures in this study occurred in close proximity
to primary and secondary roads. Since primary and secondary roads are built on lower elevations,
the mean elevation of soil slide locations is expected to be much lower than that of non-soil slide
locations. Furthermore, it can be observed from Table 2 that the mean slope angle of the soil slide
locations (20.93) was much higher than that of the non-soil slide locations (13.34), indicating that a
higher slope angle leads to an elevated soil slide hazard.
Furthermore, the frequency distributions of EVI at the soil slide locations on the day of the
soil slide, and the non-soil slide locations on the day that the moisture was evaluated, are given in
Figure 10f. The mean EVI at the soil slide locations was 0.402, whereas the mean EVI at the non-soil
slide locations was 0.4403. The lower mean EVI at the soil slide locations indicates that the lack of
land cover exposes a slope to a higher soil slide hazard. Moreover, the frequency distribution of the
distance from roads is given in Figure 10g. For soil slide locations, the mean distance from roads is
257 m, whereas that of non-soil slide locations is 6676 m. However, it should be noted that of 33 total
soil slides, 27 occurred at a distance less than 20 m from a road. Hence, the majority of selected soil
slides can be classified as failures due to road-cut slopes.
Table 2. Statistics of the explanatory variables. EVI: Enhanced Vegetation Index.
Variable
Soil Slide Locations Non-Soil Slide Locations
Mean Standard Deviation Mean Standard Deviation
Downscaled soil moisture (m3/m3) 0.2787 0.0750 0.2523 0.0585
Undownscaled soil moisture (m3/m3) 0.2682 0.0519 0.2503 0.0478
Saturated surface hydraulic
conductivity (microns per second) 7.84 4.15 10.04 7.39
Slope angle (degrees) 20.93 12.29 13.34 9.68
Elevation (m) 189 100 335 200
EVI 0.4020 0.1568 0.4403 0.1105
Distance from roads (m) 257 637 6676 7511
Table 3. The distribution of soil types at soil slide and non-soil slide locations.
Soil Type % Soil Slide Locations % Non-Soil Slide Locations
GM (silty gravel) 3.03 5
GC (clayey gravel) 0 16
ML (low plasticity silt) 27.27 14
MH (high plasticity silt) 0 14
CL (low plasticity clay) 27.27 29
CH (high plasticity clay) 42.42 22
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3.3. Results of the Soil Slide Hazard Estimation Model with Downscaled Remotely Sensed Soil
Moisture Content
A logistic regression model for the prediction of soil slide hazard was developed using the
explanatory va iables discussed in Sections 2.3 and 2.4 such as downscaled il moisture, levation,
slope, saturated surface hydraulic conduc ivity, soi type, EVI, and distanc t roads. The resulting
parameter estimates, standardized parameter estimates, t-statistics, and p-values of the developed
model are given in Table 4. Of the explanatory variables, downscaled soil moisture content, elevation,
slope angle, saturated hydraulic conductivity (of the surface soil), distance to roads, and silt soil type
are identified as statistically significant based on a significance level of 0.1.
However, EVI a d clay soil type were found to be stati tically insignificant, although the negative
parameter estimate of EVI shows a reduction in the soil slide hazard as the vegetation cover increases,
and the parameter estimate of clay shows an increase of soil slide hazard as the presence of clayey
soil increases, which are both intuitive findings. Furthermore, the clay soil type was identified to be
highly correlated with the silt soil type (Table 1). Thus, EVI and clay soil type were excluded from
the analysis, and an improved logistic regression model was developed using only the statistically
significant variables such as downscaled soil moisture content, elevation, slope angle, saturated
hydraulic conductivity, silt soil type, and distance to roads. The parameter estimates, standardized
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parameter estimates, t-statistics, and p-values of the resulting best performing logistic regression model
are given in Table 5.
Table 4. Parameter estimates, standardized parameter estimates, t-statistics, and p-values of the logistic
regression model with all of the explanatory variables.
Variable ParameterEstimate
Standardized
Parameter
Estimate
t-Statistic p-Value
Intercept −2.54 – −0.42 0.67
Downscaled soil moisture 17.47 1.05 2.44 0.01
Elevation (m) −0.01 −1.92 −2.01 0.04
Slope angle (degrees) 0.18 1.92 2.76 0.01
Distance from roads (m) −0.003 −19.86 −3.30 0.001
Saturated surface hydraulic conductivity (microns per second) −0.38 −2.55 −1.71 0.09
Presence of silt soil type (ML and MH) 5.80 2.55 1.51 0.13
Presence of clay soil type (CL and CH) 3.35 1.65 0.90 0.37
EVI −2.42 −0.29 −0.59 0.56
Table 5. Parameter estimates, standardized parameter estimates, t-statistics, and p-values of the best
performing logistic regression model with downscaled soil moisture content.
Variable ParameterEstimate
Standardized
Parameter
Estimate
t-Statistic p-Value
Intercept 2.38 - 1.03 0.30
Downscaled soil moisture 12.48 0.72 1.71 0.09
Elevation (m) −0.01 −2.03 −2.32 0.02
Slope angle (degrees) 0.17 1.79 2.98 0.003
Distance from roads (m) −0.009 −65.37 −2.44 0.01
Saturated surface hydraulic conductivity (microns per second) −0.52 −3.43 −2.61 0.009
Presence of silt soil type (ML and MH) 3.32 1.44 1.97 0.05
Downscaled soil moisture × Distance to roads 0.02 35.67 1.96 0.05
3.4. Results of the Soil Slide Hazard Estimation Model with Undownscaled Remotely Sensed Soil
Moisture Content
An additional model for soil slide hazard assessment with undownscaled soil moisture content in
place of downscaled soil moisture content was also developed, and the performance of this model was
compared with that of the previously developed downscaled soil moisture-based model. The parameter
estimates, standardized parameter estimates, t-statistics, and p-values of the best performing model
with undownscaled soil moisture content are given in Table 6. Soil slide hazard increases with the
increase of undownscaled soil moisture content as well. However, the undownscaled soil moisture
is determined to be statistically less significant in soil slide hazard assessment than downscaled soil
moisture. It is seen in Table 6 that among the conditioning factors, elevation, slope angle, distance to
roads, saturated hydraulic conductivity, and silt soil type are statistically significant.
3.5. Results of the Soil Slide Hazard Estimation Model with Alternative Water Drainage-Based
Explanatory Variables
As discussed in Section 2.6, logistic regression models for soil slide hazard assessment were
developed with alternative water drainage-based variables, namely distance to drainage, drainage
density, and the Topographic Wetness Index (TWI). The best performing model with distance to
drainage is given in Table 7. The soil slide hazard was predicted to increase with an increasing distance
to drainage. The explanatory variables of elevation, slope, distance to roads, saturated hydraulic
conductivity, and the interaction of distance to drainage accessories and elevation were statistically
significant. However, the hydrological variable of distance to drainage accessories was statistically less
significant compared to downscaled soil moisture content.
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Secondly, the best performing model with drainage density is given in Table 8. The negative
parameter estimate of drainage density indicates an increasing soil slide hazard with the decrease of
drainage density. Of the conditioning factors, only the slope and elevation were determined to be
statistically significant.
Finally, in the prediction model developed with TWI as the explanatory hydrological variable
(Table 9), although an increase in TWI was seen to increase the soil slide hazard, TWI was found to
be statistically less significant compared to downscaled soil moisture content. Of the explanatory
variables, elevation, slope angle, distance to roads, saturated hydraulic conductivity, and the presence
of the silt soil type were found to be statistically significant.
Table 6. Parameter estimates, standardized parameter estimates, t-statistics, and p-values of the best
performing logistic regression model with undownscaled soil moisture content.
Variable ParameterEstimate
Standardized
Parameter Estimate t-Statistic p-Value
Intercept 0.54 - 0.20 0.84
Undownscaled soil moisture 12.15 0.57 1.48 0.14
Elevation (m) −0.007 −1.48 −1.98 0.05
Slope angle (degrees) 0.14 1.47 2.99 0.003
Distance from roads (m) −0.002 −16.24 −3.64 0.0003
Saturated surface hydraulic conductivity (microns per second) −0.36 −2.46 −2.35 0.02
Presence of silt soil type (ML and MH) 2.12 0.94 1.77 0.08
Table 7. Parameter estimates, standardized parameter estimates, t-statistics, and p-values of the best
performing logistic regression model with proximity to drainage accessories.
Variable ParameterEstimate
Standardized
Parameter Estimate t-Statistic p-Value
Intercept 6.85 - 2.27 0.02
Distance to drainage accessories (m) −0.009 −1.52 −1.39 0.16
Elevation (m) −0.026 −5.21 −2.62 0.01
Slope angle (degrees) 0.16 1.69 3.06 0.002
Distance from roads (m) −0.002 −13.41 −3.49 0.0005
Saturated surface hydraulic conductivity (microns per second) −0.37 −2.49 −1.81 0.07
Distance to drainage × Elevation 1.68 ×10−5 3.16 1.81 0.07
Table 8. Parameter estimates, standardized parameter estimates, t-statistics, and p-values of the best
performing logistic regression model with drainage density.
Variable ParameterEstimate
Standardized
Parameter Estimate t-Statistic p-Value
Intercept 0.81 - 1.00 0.32
Drainage density (m−1) −0.48 −0.60 −1.90 0.06
Elevation (m) −0.013 −2.46 −3.86 0.0001
Slope angle (degrees) 0.15 1.67 4.08 0
Table 9. Parameter estimates, standardized parameter estimates, t-statistics, and p-values of the best
performing logistic regression model with Topographic Wetness Index (TWI).
Variable ParameterEstimate
Standardized
Parameter Estimate t-Statistic p-Value
Intercept −0.75 - −0.24 0.81
Topographic Wetness Index 0.44 0.81 1.64 0.1
Elevation (m) −0.007 −1.35 −1.85 0.06
Slope angle (degrees) 0.18 2.01 2.99 0.003
Distance to roads (m) −0.002 −15.62 −3.77 0.0002
Saturated surface hydraulic conductivity (microns per second) −0.39 −2.63 −2.60 0.01
Presence of silt soil type (ML and MH) 1.70 0.76 1.48 1.40
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3.6. Comparison of the Performances of Downscaled Soil Moisture, Undownscaled Soil Moisture, and Other
Alternative Water Drainage-Based Explanatory Variables, in Soil Slide Hazard Assessment
The performance comparison of the above models is given in Table 10. It is seen that the model
with downscaled soil moisture has the lowest AIC and BIC values, indicating that this model performs
best among the developed logistic regression models. Thus, it can be concluded that remotely sensed
soil moisture content is a more relevant explanatory variable in soil slide hazard assessment compared
to currently used water drainage-based alternative variables.
Table 10. Comparison of the performance of logistic regression models. AIC: Akaike information
criterion; BIC: Bayesian information criterion.
Hydrological Variable in the Model Log Likelihood AIC BIC
Downscaled soil moisture content −17.90 51.8 74.92
Undownscaled soil moisture content −23.33 60.6 80.89
Distance to drainage accessories (m) −22.30 58.6 78.89
Drainage density (m−1) −49.71 107.4 118.98
Topographic Wetness Index −23.28 60.6 80.79
Furthermore, the best performing model with downscaled soil moisture performs better than
the model with undownscaled soil moisture, indicating that downscaling does improve the soil slide
prediction capability of remotely sensed soil moisture.
3.7. Discussion of the Parameter Estimates of the Best Fit Logistic Regression Model with Downscaled
Soil Moisture
The lone effect of downscaled soil moisture content (excluding its interaction effects with other
factors) of the best fit model with downscaled soil moisture (Table 5) is statistically highly significant
at a significance level of 0.09. Furthermore, the positive parameter estimate of 12.48 of the downscaled
soil moisture content indicates an increase of soil slide hazard with the increase of soil moisture
content. The elevated moisture levels cause a greater reduction in effective stress and matric suction
that leads to decreased soil shear strength and slope instability. Moreover, the elevation of the location
is significant at a 0.02 significance level, while the lone effect of distance from roads is significant at
a 0.01 level. The parameter estimates of distance from roads and elevation indicate an increasing
soil slide hazard the distance from roads and the elevation decrease. This relationship is intuitive,
as this indicates that locations that are closer to roads, which are typically at lower elevations, have a
higher soil slide hazard. This is because the cutting of natural slopes for road construction reduces the
confining pressure of the soil, thereby decreasing the soil shear strength, and thus the safety factor.
Thus, locations that are closer to roads in a mountainous area that were employed in the study have a
higher soil slide hazard.
The slope angle is also highly significant at a significance level of 0.003. The positive parameter
estimate of slope shows that as the slope angle increases, the destabilizing force acting on the
slope increases, thereby creating more favorable conditions for soil sliding. The saturated hydraulic
conductivity of the surface soil is statistically significant at a significance level of 0.009. Furthermore,
its parameter estimate of −0.52 indicates an increasing soil slide hazard with the decrease of soil
hydraulic conductivity. When the hydraulic conductivity of soil is low, water takes a longer duration
to drain from the soil, and thus the reduced shear strengths persist for a longer period of time. Hence,
the soil slide hazard remains elevated for a longer period of time compared to a soil with a higher
hydraulic conductivity. Moreover, the presence of silty soil is statistically significant at a level of 0.05,
and the positive parameter estimate of silty soil indicates an increasing soil slide hazard with the
presence of silty soil. The undrained shear strength of fine-grained soil is relatively low, and as a result
slopes with such soils are subject to higher soil slide hazards due to the undrained conditions created
during heavy rainfall.
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In the developed logistic regression model, interactions between explanatory variables were
considered, since the interaction effects aim to capture the synergistic or antagonistic effects between
variables, and thus improve the model’s performance. According to the effect hierarchy principle,
the effects with a higher order such as those involving multiple factors are usually of lesser importance in
a model compared to those due to the main factors and the interaction between two given factors [33].
Furthermore, the sparsity of effects principle states that usually, the main effects and low-order effects
govern a system [34]. Thus, of the interaction effects, only the interactions between two given factors were
considered as the governing interactions in this study. Moreover, according to the effect heredity principle,
main factors with small effects typically show no significant interactions [35]. Thus, only the interaction
between variables that demonstrated significant main effects such as downscaled soil moisture content,
elevation, slope, distance to roads, saturated hydraulic conductivity, and silt soil type were considered.
The interaction between downscaled soil moisture content and distance to roads was the only
interaction variable that was determined to be statistically significant, and it was significant at a
0.05 significance level with a coefficient of 0.02, as seen in Table 5. A parametric study was performed
to observe the interaction effect of downscaled soil moisture and distance to roads on the probability
of failure by eliminating the other variables. Equation (9) represents the effects that these two variables
alone have on the probability of failure.
P(f) =
1
1+ exp[−(12.48× SM− 0.009×Distance to roads+ 0.02× SM×Distance to roads)] (9)
The soil moisture content was kept constant at a low value (0.05) and a high value (0.41)
respectively, and the variation of soil slide hazard with the distance to roads was observed (Figure 11a).
As expected, the probability of failure decreased with the increase of distance from roads. However,
the probability of failure is higher at the high moisture level. In fact, at the higher moisture level,
the reduction of soil slide hazard with the increase of distance from roads is minimal. Similarly,
the distance from roads was kept constant at a low value (10 m) and a high value (2000 m), respectively,
and the variation of the probability of failure was observed (Figure 11b). It can be observed that the
location at a shorter distance from roads displays an elevated soil slide hazard at the same moisture
content, compared to the farther location from a road. The above results indicate that locations with
elevated moisture levels that are located closer to roads will experience the highest soil slide hazard
compared to locations with the same moisture levels but that are located farther away from roads,
or locations that are closer to roads but with lower moisture levels.
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Figure 11. Variation of probability of failure with distance to roads (a) under low and high soil moisture
contents; and (b) at low and high distances from roads.
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3.8. Assessing the Fitness of the Developed Logistic Regression Model Using Downscaled Soil Moisture Content
The logistic regression model developed with downscaled soil moisture content was employed to
assess the probability of failure of all of the soil slide and non-soil slide locations that were used in
this study, using Equation (4). Figure 12 is a plot of the predicted probability of failure for the selected
soil slide and non-soil slide locations, whereas Figure 13 shows how a threshold probability for the
classification as failure/non-failure was determined by maximizing the classification accuracy.
Based on the model developed in this study, the classification accuracy can be expressed as a
function of the threshold probability of failure, using Equation (10):
A = −24.065T2 + 26.492T + 85.916 (10)
where A is the classification accuracy, and T is the threshold probability for classification as a soil
slide. The optimum threshold probability of 0.55 was identified to provide the maximum classification
accuracy for these data sets based on Equation (10), and it has also been plotted in Figure 12 to show
the degree of its effectiveness.
Based on the above threshold, the model has an overall classification accuracy of 93.2%,
with classification accuracies of 95.7% and 80.5% for Oregon and Kentucky, respectively (Table 11).
Thus, it can be observed that the model performs fairly well in differentiating soil slide locations from
non-soil slide locations on both geographical locations. Furthermore, in terms of the classification
accuracies within the classes of soil slides and non-soil slides, the model performed fairly consistently
as well. Nearly all (95.5%) of the soil slides in Oregon and 81.8% of the soil slides in Kentucky were
classified correctly, while 95.7% of the non-soil slides in Oregon and 90% of the non-soil slides in
Kentucky were classified accurately (Table 12). Hence, it can be envisioned that this soil slide hazard
assessment model has broader geographical applicability for soil slides caused by conditions similar to
those that were considered in this study. Moreover, the classification of soil slide locations in Oregon
and Kentucky are mapped in Figure 14a,b respectively.
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Table 12. Classification accuracies of soil slide and non-soil slides for Oregon and Kentucky.
Oregon % Kentucky %
Soil slides 81.8 95.5
Non-soil slides 90 95.7
The confusion matrix for the soil slide classification model with downscaled soil moisture is given
in Table 13. This provides the comparison between true class versus class predicted by the model.
The confusion matrix shows that six of the 100 non-soil slides were classified as soil slides, resulting
in false positives. Furthermore, three of 33 soil slides were classified as non-soil slides, resulting in
false negatives.
Furthermore, the frequency of soil moisture values at a 20-m distance from roads as well as the
soil moisture thresholds for soil slide occurrence with distance from roads within an influence zone
of 20 m were observed. Figure 15a shows the frequency distribution of soil moisture values within a
20-m distance from roads, while Figure 15b shows the soil moisture thresholds for soil slide occurrence
within a 20-m distance from roads. The oscillation seen in Figure 15b can be attributed to gaps in a
database corresponding to specific distance intervals to roads. In such cases, it is difficult to expect
a smooth relationship between the threshold moisture and distance to roads. However, Figure 15b
shows an increasing trend of the soil moisture threshold for soil slide occurrence with distance from
roads, which indicates that locations that are at a closer distance from roads experience a greater threat
of failure.
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3.9. Discussion of Limitations of the Developed Model
This study proposes a methodology for the identification of locations that are subject to a high
hazard of rainfall-triggered soil slides with the use of daily available remotely sensed soil moisture.
Only 33 soil slides that met the vetting criteria (Figure 5) were available, and were thus used in
developing the soil slide prediction model. Although the selected soil slides are representative of
the type of soil slides used in this study, the authors believe that the use of a relatively low number
of soil slides may have impacted the predictive capability of the model. Data from two study areas,
namely western Oregon and northern Kentucky, were used in this study to improve the size of the
database and extend the applicability of one model to many somewhat similar databases. As discussed
in Section 1.5, the two study areas contain similarities in terms of the many conditioning factors such
as the mean and distribution of the slope angle, the distribution of land cover, and the distribution
of road density. Furthermore, only the slides in areas with the same rock types were used in the
study from the two study areas, thus eliminating any impact on the results due to differences in the
geological conditions of the two study areas. Moreover, all of the selected slides had similar subsurface
soil profiles as well. Thus, similarity in many conditioning factors between the two study areas was
observed. However, some of the differences between the study areas are: (1) Kentucky receives more
average annual snowfall than Oregon. However, all of the possible soil slides due to snow melting were
removed from the database, and thus, this factor could not have an impact on the model performance;
(2) distribution and mean of elevation; (3) mean of the road density; and (4) differences in any other
unconsidered conditioning factor. Thus, these dissimilarities between the two study areas may have
impacted the model performance. However, the satisfactory and intuitive results obtained from model
prediction support the implementation of such models on a wider scale, i.e., not restricting to one
study area; but rather extending to other similar areas.
On the other hand, the distance to roads is a highly statistically significant variable in the
developed model. Furthermore, the majority of soil slides are conspicuous at distances less than
100 m from roads. Since the soil slide data were collected from historical landslide databases, it is
possible that the locations that are closer to human settlements and thus are more impactful to human
lives are recorded more often than those occurring in sparsely populated areas, as discussed by
Carrara et al. [36], whereas non-soil slide locations are distributed randomly, leading to a bias in the
dataset. Moreover, many recorded false negatives and false positives are at distances greater than 100
m from the roads. Thus, the authors believe that the model can underestimate the soil slide hazard in
sparsely populated areas. However, the model does highlight the soil slide hazard in populated areas,
the prediction of which is more critical to human lives. With the collection of better distributed soil
slide data at different distances from roads and subsequent image interpretation, the authors believe
that this bias in the model can be overcome, and the soil slide hazard at greater distances from roads
can be assessed more reliably.
The resolution of downscaled soil moisture is larger than the mean size of the observed soil slides.
The soil moisture content provided by satellite images will be the average soil moisture content in
an area of 1 km2 containing the soil slide, rather than the specific soil moisture content at the exact
location of the soil slide. This is a limitation associated with the proposed model. However, as remotely
sensed soil moisture products with improved resolutions become available with the advancement of
technology, this limitation can be overcome. Since the shear strength of a soil plays a major role in slope
stability, the authors believe that the direct inclusion of available soil shear strength parameters at failed
locations would obviously improve the prediction accuracy of the model. Hence, it is important to
identify the potential failure planes and the corresponding shear strengths. Furthermore, the possible
use of the percentage increase in soil moisture content on the day of the soil slides due to rainfall,
with respect to the initial dry state, is expected to improve the model further. However, this is a task
that the authors could not pursue due to the lack of reliable data. With the advancement of technology,
satellite-based continuous soil moisture would be upgraded, thus facilitating the soil moisture increases
to be included in rainfall-triggered soil slide monitoring programs.
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4. Conclusions
Soil slope failures associated with rainfall are a major natural hazard affecting many parts of the
world. This is especially problematic in road-cut slopes in adverse permeability and soil shear strength
conditions where the reduction of confining pressure within the soil due to excavation leads to slope
failures when triggered by elevated moisture levels. The prediction of a rainfall-triggered landslide
in real-time is a difficult task, as regular and uninterrupted evaluation of the in situ soil moisture
conditions can be prohibitive due to the high cost and complexity of instrumentation involved.
Thus, satellite-based remotely sensed soil moisture is proposed as an alternative. In this study,
a logistic regression model is developed using remotely sensed soil moisture content to assess the
rainfall-triggered soil slide hazard. This is a significant advancement in the statistical method of
landslide prediction, since most of the existing landslide hazard assessment models employ indirect
and precursory water-based factors to quantify the effect of soil moisture in place of the actual
ground-based moisture content. Moreover, most existing models rarely consider the infiltration effects
governed by soil hydraulic conductivity on the landslide hazard [7]. Thus, in addition to the soil
moisture content, the role of soil hydraulic conductivity in the determination of the probability of soil
slope failures was assessed.
Two landslide prone sites from western Oregon and northern Kentucky were selected for the study.
A thorough vetting procedure was followed to pick only the soil slope failures from a vast database
that contains historic landslides with different types of slope failures, including earth slides, rockslides,
rock falls, mudflows, debris flows, etc. Thus, only the slope failures that were classified as ‘soil slides’
were selected for this study. Thus, this study addresses a major deficiency in current statistical studies
that combine different types of failure mechanisms in developing a single model, as identified by
Budimir et al. (2015) [7]. Furthermore, the triggering mechanism of all of the selected slides was rainfall,
and any landslide that was initiated by a precursory landslide was excluded from the study.
The remotely sensed soil moisture is available at a 0.25◦ × 0.25◦ spatial resolution. Hence,
the remotely sensed soil moisture images are downscaled to improve the spatial resolution. Soil moisture
is downscaled based on the downscaling model suggested by Wang et al. [24]. The above model has
been determined to provide a better accuracy in downscaling soil moisture compared to alternative
models used in previous studies [14]. The modification achieved by downscaling soil moisture was
shown to be statistically significant for the prediction of soil slide occurrence, with the soil slide hazard
increasing with higher soil moisture contents. Furthermore, downscaled soil moisture was found to
improve the prediction accuracy of the model compared to undownscaled soil moisture content.
Moreover, the best performing model with downscaled soil moisture was compared with that
associated with alternative water-based factors that are commonly used in studies, namely: distance
to drainage accessories, drainage density, and the Topographic Wetness Index. The downscaled soil
moisture performs better than all of the physical-based factors in soil slide hazard assessment, and thus
it can be concluded that the direct use of downscaled remotely sensed soil moisture content certainly
improves the predictive capability of the model compared to alternative water-based factors.
Finally, a technique for determining a threshold probability for failure based on maximizing the
classification accuracy is introduced to identify locations that are subject to high soil slide hazards from
those with low soil slide hazards. For the dataset used in this study, this threshold was determined
to be 0.55. The model provides a satisfactory overall classification accuracy of 93%, with 95% of
the locations in Oregon, and 80.5% of the locations in Kentucky having been classified accurately.
Furthermore, by comparing the classification accuracies of the soil slide and non-soil slide locations
separately, it can be concluded that the new model is capable of differentiating soil slide locations in
both states with more or less similar accuracies. Thus, it can be concluded that the model performs
equally well in both geographical regions, promising a wide spatial applicability. Indeed, this is a
significant advancement in the prediction capability of such models, since past studies have used
remotely sensed soil moisture contents for soil slide hazard assessment primarily at a site-specific
level [7,9]. Thus, this study demonstrates that with remotely sensed soil moisture available at a daily
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temporal resolution, and a well-structured assessment approach, it is feasible to implement a real-time
approach for the continuous monitoring of locations that are highly susceptible to soil slides in different
geographical regions.
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